Introduction
Although slightly less accurate than some other laboratory methods (Wang et al 1998) , single frequency bioelectrical impedance analysis is an inexpensive, quick, and painless means of estimating body composition. The technique has been under development for some time (Hoffer et al 1969) , and continues to be refined (Cornish et al 1999 , Fuller et al 1999 .
A basic issue in estimating body composition from impedance has been the choice of body segment(s). Treating the whole body as one segment (Lukaski et al 1985 , Newby et al 1990 has some drawbacks. For example, in whole body impedance the forearm is grossly over-represented, accounting for about 25% of the impedance measurement, even though it represents only about 3% of body mass (Fuller and Elia 1989) . Estimating composition from individual body segments, instead of the whole body, avoids this problem, but leaves open the issue of which body segment(s) provide the best estimate of whole body composition. Accordingly, in this study we consider five body segments, and report on their utility for predicting whole body %Fat, alone and in combination.
A second issue in estimating body composition from impedance is the form of the model relating electrical properties like resistivity to material properties like density. Ideally, the parameters in such a model match tissue properties measured ex vivo (Faes et al 1999) and predict %Fat well. Current models for estimating body composition from segment resistivity tend to address only one of these concerns. For example, a calibrated model (Organ et al 1994) might predict %Fat well, but lack clear physical meaning, since it is based on sexspecific linear regressions that include arbitrary constants and terms for age. Another model (Chumlea et al 1988) might adhere to theory reasonably well, but fail to predict %Fat as well as whole body bioimpedance, which requires fewer measurements. To address these difficulties, we developed a three-compartment model for estimating body composition from the resistivity of body segments. Each term corresponds to a biological or electrical quantity. We calibrated it to predict percentage body fat of a heterogeneous population of subjects that included both sexes, a variety of ethnic backgrounds and a range of ages.
Methods

Model of body mass and segment resistivity
The model divides the body into three compartments (figure 1): conductive lean tissue (figure 1, third column), fat with a resistivity significantly higher than that of the lean tissue (figure 1, second column) and bone with a conductivity negligible compared to that of the other two compartments (figure 1, fourth column) (Faes et al 1999) . The mass of the fat compartment may be estimated by underwater weighing. The mass of the nonconductive compartment is estimated from subject height cubed, since mass of any object generally scales with the cube of its length (McMahon and Bonner 1983) . This leads to the following equation for total body mass.
where
of muscle and other conductive lean tissue
The geometry of each body segment (figure 1, bottom half) is approximated as a cylinder subdivided into three parallel compartments. The fat and muscle compartments together are assumed to be conductive. The area of the nonconductive compartment is (A NC ), estimated from segment length squared, since area of any object generally scales with the square of its length (McMahon and Bonner 1983) .
where Figure 1 . Division of the whole body (top) and an individual body segment (bottom) into three compartments (fat, muscle and nonconductive). Properties of the nonconductive compartment are approximated by two constants. The first, k 1 , scales the mass of the nonconductive compartment with the cube of subject height. The second, k 2 , scales the cross-sectional area of the nonconductive compartment with the square of segment length.
• A TOTAL = total cross-sectional area ≡ circumference 2 /4π
The impedance of a given compartment (e.g., muscle) is modelled as
Since the non-conductive compartment passes no current, resistance of the whole segment is modelled as the parallel combination of the two conductive compartments-fat and muscle:
The two resistance terms in equation (4) may be expanded, as they are in equation (3). Rearranging terms, substituting for A CON (equation (2)) and noting that volume of each compartment is the cross-sectional area multiplied by segment length allows one to write the 'fat quotient' for the segment:
• Q SEG = fat quotient for the conductive tissue in a given body segment
The fat quotient of an arbitrary number of body segments may be estimated from measurements of impedance, length, and circumference. A volume-weighted averageQ may be calculated. One may solve for %Fat by starting with the definition of the fat quotient (equation (5)), noting that volume of a given compartment is merely the mass of the compartment divided by the density of the material, substituting equation (1) and performing some algebra. Note that the conversion from fat quotient to %Fat requires measuring the height and weight of a subject. 
Subjects
Thirty healthy adults (nine female, 21 male), aged 21-44 years, participated in this study. The sample included descendants of populations from North America, Asia, Middle East, Europe and Africa. Each subject signed a consent form approved by the Institutional Review Board of the University of Utah.
Densitometry
Body density was determined by underwater weighing. After practice trials, submerged subjects were weighed to the nearest 0.1 kg. The average weight measured in three trials was used in subsequent calculations. Residual lung volume was estimated by the closedcircuit oxygen-dilution method. Percentage body fat was calculated from these measures as described elsewhere (Brozek et al 1963) . Lean body mass was taken to be the sum of the masses of the muscle and non-conductive tissue compartments (figure 1).
Resistivity
Lengths and circumferences of the right arm and leg were measured to the nearest 1 mm, while the subject sat in a chair (figure 2). Circumferences of the trunk were measured to the nearest 5 mm at the end of exhalation, as the subject stood comfortably. Barefoot standing height and length of the trunk was measured to the nearest 1 mm.
Impedance of body segments was measured while the subject, wearing a swimsuit, rested in a supine position on a mattress covered with a cotton sheet. Alternating current (800 µA, 50 kHz) was passed between ECG electrodes (Medtronic, Haverhill, MA) attached to the right hand and foot, as described elsewhere (Lukaski et al 1986) . Impedance of five different body segments (figure 2) was measured to the nearest 1 with an impedance meter (RJL Systems, Figure 2 . Impedance measurement technique (left). Current is passed through electrodes on the hand and foot (white circles, top and bottom), while impedance of a given segment (for example, the proximal leg) is measured with two more electrodes (white circles). For measurements on the trunk, current was passed through both hands and both feet. Length (between bold lines at opposite ends of a segment), circumference (at locations marked 'c') and impedance of five segments (differentiated by grey shading) were measured. Bold black line segments indicate locations of measurements. Forearm (F) length: between point 5 cm distal to olecranon process and point 5 cm proximal to styloid process of ulna. Forearm (F) circumference: 5 cm distal to olecranon process. Upper arm (A) length: between a point 10 cm distal to acromial process and 5 cm proximal to olecranon process. Upper arm (A) circumference: 10 cm distal to acromial process. Trunk (T) length: between the greater trochanter and the acromial process. Trunk (T) circumference: hips. Upper leg (L) length: between a point 5 cm proximal to patella centre and the greater trochanter. Upper leg (L) circumference: half-way along length. Calf (C) length: between a point 5 cm proximal to ankle and a point 5 cm distal to fibular head. Calf (C) circumference: half-way between centre of patella and ankle. Cadaver measurements (Martin et al 1985) (right) of subcutaneous fat thickness in the same segments suggest that some (e.g. legs and upper arm) may be more representative of total subcutaneous fat mass than others (e.g. trunk and forearm). model 101A, Detroit, MI). Current was passed from both hands to both feet during measurement of trunk impedance, to avoid errors due to asymmetric current flow (Cha and Horch 1994) . Although impedance is the Euclidean sum of resistance and reactance Z = (R 2 + X 2 C ) 1 2 , the reactance term is only about 10% of impedance at the frequency (50 kHz) used in this study. Hence, the terms 'impedance' and 'resistance' are used interchangeably in the rest of this paper.
Calibration
After data collection, the measurements of each individual were randomly assigned to either of two groups. The first group (five females + ten males) was used to calibrate the model. The second group (six females + nine males) was used to test it. Parameters in the model relating segment impedance and geometry to %Fat were estimated using software for scientific computing (MATLAB TM ). The parameter estimation problem was nonlinear. The Gauss- Newton method was used to seek values that minimized the sum of the squared differences between %Fat predicted from resistivity and those predicted from densitometry. The condition number of the parameter estimate Jacobean (κ ≈ 10 12 ) indicated that the model contained more parameters than could be estimated uniquely from the data. Scaling by extremal values (Schroer et al 1992) improved the condition number of the Jacobean (κ ≈ 10 5 ), but not enough to estimate all parameters. Although extremal scaling gave each parameter the same power to influence the fit, primary component analysis (Norton 1986 ) indicated that some of the parameters influenced the fit in the same way (that is, were linearly related within the noise of the data). Parameters that were redundant, given the variance in the data, were struck from the estimation problem until it was well posed (κ < 20).
Results
Subject characteristics are summarized in table 1. The sample included a wide range of body masses (47.0-129.0 kg). Densitometry confirmed that the sample also included a wide range of body compositions (8.7-50.7%Fat). Length (L), circumference (C) and impedance measurements (R) for estimating resistivity of the upper arm and upper leg are also shown.
Differences between densitometry-based and impedance-based predictions of %Fat of the whole body are shown in figure 3 . Predictions of whole body %Fat based on resistivity of the upper arm and upper leg (figure 3, AL) best matched predictions based on densitometry, yielding the smallest RMS difference. However, this combination of limb segments was not significantly better than any of the other methods in group 1 (figure 3, inset), due to the relatively large standard errors of the means (figure 3, horizontal bars). Based on paired t-tests, all of the combinations in group 1 were significantly better at predicting %Fat than all of the combinations in group 2 (p < 0.0025). Estimates of %Fat based on resistivity of the trunk alone (figure 3, T) performed worst. Likewise, all of the combinations that performed poorly (figure 3, group 2) included the trunk.
Parameters in the right-hand column of table 2 provide the best fit to the data, minimizing the RMS difference between %Fat predicted from resistivity of the upper arm and upper leg (figure 3, AL) and %Fat predicted by densitometry of the whole body. Primary component Figure 3 . RMS differences (points) and standard errors of the means of these differences (horizontal bars) in predicting body fat from resistivities of various combinations of body segments versus predicting it from densitometry. Since the standard error of the mean is symmetric, the left half is omitted for clarity. When multiple segments were used (e.g., AL used measurements from both arm and leg), the contribution of each segment was weighted according to the volume fraction of the segment (equation (6)). The methods may be divided into two groups (inset, 1 and 2), according to success at predicting %Fat. The data show no significant differences between any of the combinations in group 1 (paired t-tests, one tailed α = 0.05). However, all combinations in group 1 predict %Fat significantly better than all combinations in group 2 (p < 0.0025). Predictions based on one limb segment, F, were intermediate between the two groups. The best method in group 1 was significantly better than F, but the worst method in group 1 was not. analysis showed that the data were sufficient for estimating only two of the six parameters-the constant that scales the mass of non-conductive tissue with the cube of subject height (k 1 ), and the resistivity of muscle (ρ MUS ). The remaining parameters were fixed at values measured in samples of tissue (Brozek et al 1963 , Foster 1995 . The parameter k 2 was fixed at a value that converted the length of a typical upper leg segment to a cross-sectional area approximating the shaft of an adult femur, based on upper leg cross-sections illustrated by Netter (1989) . Since the cross-section of the bone was typically about 3-5% of the cross section of the segment of a normal individual, the results were not very sensitive to this parameter. For example, increasing or decreasing the value twofold changed the RMS error in estimating %Fat by about 0.02-fold.
For most body segment combinations of group 1 (figure 3), the values of the two calibrated parameters lie reasonably near expected values (figure 4). The resistivity of muscle that best fits the data (ρ MUS = 1.37 m) is not significantly different from the values for resistivity of muscle or blood measured ex vivo (Faes et al 1999) . The estimate of the constant k 1 that best fits the data (k 1 = 3.90) is not significantly different from the value (k 1 = 3.88 ± 0.2) that best predicts the mass of bone and undifferentiated tissues measured in cadavers, which we calibrated to fit published data (Clarys et al 1984) . However, estimates of %Fat based on resistivity of the calf alone (figure 4, C) required a value for k 1 significantly higher than expected. This observation, along with fact that the calf was the worst predictor of %Fat in group 1 (figure 3), suggests that resistivity of the calf alone may not be a desirable indicator of %Fat of the whole body. (Faes et al 1999) for the mean (boxes) and 95% confidence intervals (horizontal bars) of the resistivity of blood and muscle are shown for reference. The mean coefficient scaling mass of the non-conductive compartment and the 95% confidence interval (box and vertical bar respectively) are estimated from dissection and weighing of 25 cadavers reported by Clarys et al (1984) . Values for all combinations of limb segments in group 1 (figure 3) are also given explicitly, and may be substituted into table 2 as desired. Bi, resistivity method of Biggs, reported in present study. Or, resistivity method of Organ (Organ et al 1994) . Br, resistivity method of Bracco (Bracco et al 1996) . n.r., not reported.
Substituting the parameters in table 2 into equations (5) and (6) yields the prediction errors shown in the left column of data in table 3. Errors reported in some other studies are shown for comparison. Figure 5 . The ability of resistivity to predict %Fat is shown for the calibration group (left column) and the test group (right column), using densitometry as a reference method. The %Fat of individuals in both groups was predicted based on resistivity of the arm and leg (AL). In scatter plots (top row) the points lie near the diagonal lines of slope 1 (RMS difference = 3.16% and 3.58% for calibration and test groups, respectively), indicating good correspondence between densitometrybased and resistivity-based predictions. In Bland-Altman plots (bottom row) the mean prediction of resistivity and densitometry is calculated (horizontal axis), and the difference between the two methods (vertical axis) is plotted (points). Also shown are the mean difference between resistivity-based and densitometry-based predictions (horizontal bars), and standard deviations of the mean difference (horizontal dashes). For the calibration group, the mean difference was zero, confirming that the calibration method converged correctly. Applying the parameters estimated for the calibration group to the test group (lower right plot) led to underestimates of %Fat of 2.4% on average, but the difference was not statistically significant (e.g. >1σ given the variance in the data. Figure 5 (top row) shows %Fat estimated from whole-body densitometry (horizontal axis) versus resistivity of the upper right arm and upper right leg (vertical axis). For both the calibration group (upper left) and test group (upper right), there is good correlation between methods. Bland-Altman plots (bottom row) emphasize the difference between estimates of %Fat based on densitometry and resistivity. For the calibration group (lower left) the mean difference between the two methods was zero, indicating proper convergence of the calibration technique. For the test group, resistivity of the upper arm and upper leg underestimated %Fat slightly (2.4%) but the difference was not statistically significant (e.g., >1σ ) given the variance of the data.
Discussion
A three-compartment model for estimating body composition from the resistivity of body segments has been presented (figure 1). The model was calibrated on a heterogeneous population, representing both sexes, and a wide variety of ethnicities and body types (table 1) . Five different body segments in a total of 12 combinations were calibrated to predict mass %Fat of the whole body, using densitometry as a reference method. Each combination of segments was then tested on a separate group (figure 3), and the parameters of the seven most successful combinations were compared to values measured ex vivo (figure 4). Prediction errors for the most successful combination of segments (upper arm and upper leg) were plotted explicitly (figure 5), and found to be comparable to errors reported for two other segmental resistivity methods (table 3) .
Choosing body segments for estimating %Fat from resistivity
Since the trunk accounts for about 46% of a normal individual's body mass (Fuller and Elia 1989) one might reasonably expect trunk measurements to be the key to assessing composition of the whole body. However, our results showed a surprisingly poor correlation between trunk resistivity and %Fat of the whole body. Although our data cannot address the source of this variability, it seems likely that it is due to the relatively complex geometry of this body segment-the diaphragm transects it; the gut contents are variable and unevenly distributed; and internal organs may show considerable variability in both density and resistivity. Another source of error may have been intersubject variability in the pattern of subcutaneous trunk fat, as evidenced by the poor correlation (figure 2) between subcutaneous fat thickness of individual trunk sites and total subcutaneous fat mass measured in cadavers (Martin et al 1985) . These complexities cannot be captured by the 'cylinder approximation' of a segmental resistivity model like the one used in this study (figure 1) and others (Organ et al 1994 , Bracco et al 1996 .
A second body segment that predicted %Fat relatively poorly was the forearm. This result highlights one of the shortcomings of body composition estimates based on whole body bioimpedance, since about 25% of this measurement is due to the forearm alone (Fuller and Elia 1989) . Errors in predicting body composition from forearm resistivity most likely arise from two sources. First, resistivity may be intrinsically more difficult to measure in the forearm than in other body segments, since errors in electrode placement on thin, bony regions like the wrist (where R/ L is large) perturb the impedance measurement more than the same mistakes would on a thicker segment like the thigh, where R/ L is relatively smaller. Second, total forearm fat may just correlate poorly with whole body fat. This seemed to be the case in cadaver studies (Fuller and Elia 1989) , in which forearm subcutaneous fat thickness had a poorer correlation with total subcutaneous fat mass than did other limb segments (figure 2).
Our results showed estimates of body composition were significantly improved when the trunk was excluded from the measurements (figure 3, group 1 versus group 2). This result differs from that of Fuller and Elia (1989) , who reported no improvement. However, Fuller and Elia also found that 'prediction of body composition from measurements of segmental impedance, for example, the arm, was . . . almost as good as that made from measurements of whole body impedance' (Fuller and Elia 1989) . Our results are consistent with this appraisal. In fact, we found that upper arm alone (figure 3, A) worked significantly better than estimates based on all body segments ( figure 3, FATLC) .
Overall, upper arm and upper leg together gave the best prediction of %Fat in our test population, suggesting that these segments are approximated well as cylinders, and that component tissues within them each have similar resistivities. The relatively good correlation of subcutaneous fat in these body segments with subcutaneous fat of the whole body has been observed in cadavers (figure 2) (Fuller and Elia 1989) . It seems likely that measurements of both lower and upper extremities estimate fat better than measurements of either one alone, since individuals with the same %Fat might carry it differently (e.g. low 'pear-shaped' versus high 'apple-shaped'). This pattern emerged in our data (figure 3, note that error for 'AL' is less than error for 'A' or 'L' alone) but not to the level of statistical significance. It remains to be seen whether this pattern will emerge in studies with larger test samples.
Until this point can be addressed, we recommend measuring resistivity of the upper arm and upper leg and applying the parameters in table 2 for estimating body composition from segmental impedance, since this technique provided the best estimates in our test population. However, the data are not sufficient to show that any of the other segment combinations in group 1 (figure 3) are significantly inferior. To estimate %Fat from any of these segment combinations, the values in figure 4 may be substituted.
Application to other populations
Our model was calibrated on a group with a wide range of body compositions. It remains to be seen how well predictions of our model will compare to predictions of models calibrated for specialized groups representing smaller fractions of this range, such as lean young women (Fogelholm et al 1996) and high school female gymnasts (Eckerson et al 1997) . It also remains to be seen how well predictions of our model, which was calibrated on a racially diverse group of men and women, will compare to predictions of models calibrated on groups with no variation in sex or race, such as black men (Wagner et al 1997) .
Although our subject population was broad in terms of race, sex and %Fat, it is important to note that it was narrow in terms of hydration. That is, our subjects were not dehydrated, nor did they have oedema. Accordingly, we recommend limiting use of our model, as calibrated here, to individuals with normal hydration.
Advantages of method
The body fat estimation technique proposed in this study offers several advantages. First, an unexpectedly small number of measurements appear sufficient to make a good estimate of body fat. Errors in predicting %Fat from resistivity of the upper arm and upper leg compare favourably with those of other methods based on segment resistivity. Root mean square error in predicting M FAT (2.65 kg) approaches the error inherent in densitometry (2.18 kg) (Wang et al 1998) , the reference method to which the data were calibrated.
Second, terms in the calibrated model show reasonable agreement with tissue properties measured ex vivo (figure 4). The muscle resistivity that predicted %Fat best (1.37 m) is in reasonable agreement with muscle resistivity measured ex vivo (1.5 m) (Foster 1995) . Likewise, the parameter scaling the mass of non-conductive tissue to the cube of subject height (3.90 kg m −3 ) falls within the range of values that fit cadaver measurements (Clarys et al 1984) . This agreement provides independent validation for the model, suggesting that it is a reasonable approximation of the relationship between bioimpedance and body composition. Third, the model does not contain any terms that limit use to a specific age, race or gender. Although it was calibrated to a heterogeneous population, it still approximated %Fat about as well as more specific models (Organ et al 1994) . Thus it appears that measurement of height, body weight and resistivity of two limb segments can provide an easy but reliable measure of body composition in a general population of subjects.
